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ABSTRACT
Equation-based and agent-based models are popular methods in understanding disease dynamics. Although there are many types of equation-based models, the most common is the
SIR compartmental model that assumes homogeneous mixing and populations. One way to
understand the effects of these assumptions is by agentization. Equation-based models can be
agentized by creating a simple agent-based model that replicates the results of the equationbased model, then by adding complexity to these agentized models it is possible to break the
assumptions of homogeneous mixing and populations and test how breaking these assumptions
results in different outputs. We report a set of experiments comparing the outputs of an SEIR
model and a set of agent-based models of varying levels of complexity, using as a case study
a measles outbreak in a town in Ireland. We define and use a six level complexity hierarchy
for agent-based models to create a set of progressively more complex variants of an agentized
SEIR model for the spread of infectious disease. We then compare the results of the agentbased model at each level of complexity with results of the SEIR model to determine when
the agentization breaks. Our analysis shows this occurs on the fourth step of complexity,
when scheduled movements are added into the model. When agents networks and behaviours
are complex the peak of the outbreak is shifted to the right and is lower than in the SEIR
model suggesting that heterogeneous populations and mixing patterns lead to slower outbreaks
compared homogeneous populations and mixing patterns.

1. Introduction
Modelling can be an important tool during an infectious disease outbreak to help understand the dynamics of the disease and
the potential impact any interventions might have on the spread [1]. Modelling has been used to respond to a number of ongoing
outbreaks in the past [2–5], but modelling can also be done to run experiments in order to better understand the dynamics of an
infectious disease before an outbreak occurs. This could provide vital information to improve the response to an outbreak if it does
occur.
Compartmental equation-based models are one of the most popular and well known types of models used in infectious disease
modelling and the most commonly used is the SIR or SEIR compartmental models. The SIR model is made up of three compartments:
susceptible (S), infected (I) and recovered (R). The SEIR model is a variation on the SIR model that includes an additional
compartment, exposed (E). The movement between each compartment is defined by a differential equation [6]. There are a number
of important assumptions when running an SIR type model. The population in a compartmental model is assumed to be homogeneous
and mixing within and between compartments is also assumed to be homogeneous. Additionally, the model is typically assumed
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to have a closed population [7]. It is well known that these assumptions are not true to life, for example contact rates often vary
between age groups, but the models have been shown to be robust, predictive and give rough but reasonable predictions for many
populations [8].
There are a number of alternative modelling methods that take into account the heterogeneity in populations. Some models add
additional probabilities of infection that lead to mixing at more than one level, for example global and local [9]. Other models
add age structure to the population [10,11] and others add in vaccination [12]. Metapopulation models breaks the population into
subpopulations where each subpopulation has independent disease dynamics. The subpopulations often represent different regions
or cities and the interactions between the subpopulations simulate transportation between them [13]. Metapopulation models have
been used to investigate the impacts of the spatial spread of a population on the spread of COVID-19 [14]. Another alternative
modelling technique that can help to better understand the implications of the assumptions used in the compartmental SIR models
are agent-based models.
Agent-based models are a type of computer simulation made up of agents and an environment. The agents are given a set
of characteristics and based off of those characteristics and a set of rules the agents interact with each other and with their
environment [15]. Agent-based models are growing increasingly popular for modelling the spread of infectious disease dynamics
as they allow for a high level of flexibility in modelling and can capture individual characteristics and behaviours that might affect
the spread of an infectious disease [16]. Agent-based models are made up of a number of different components and the interactions
between these components help to capture the complex system that drives the spread of an infectious disease. Agent-based models
are particularly suited to model a complex system as a complex system is a system made up of interdependent, diverse, and adaptable
entities [17]. Indeed, agent-based models have been shown to be able to capture heterogeneous mixing and agent interactions that
can impact a disease outbreak [12]. One major challenge in agent-based modelling is that the more complex an agent-based model
is the more time the model takes to run and the more computing power it requires.
Despite their differences, compartmental differential equation models and agent-based models are related with the disease
component of an agent-based model often following the susceptible, exposed, infected, recovered compartmental pattern [16]. In
fact agent-based models can be found to reproduce the same disease dynamics as a compartmental equation-based model [18], and
when parameterized to simulate an outbreak in the same population, equation-based models often produce an outbreak that is in
the range of outbreaks the agent-based model produces [12].
One way that agent-based models can be used to better understand the assumptions of the SIR model and where these assumptions
might fail is through agentization. Reproducing a classic equation-based model as an agent-based model to better understand the
system being modelled and the assumptions of the model is known as agentization. Agentization has previously been used in the
field of economics as a tool to explore the potentials and limitations of neoclassical theories [19]. Agentization has also been used
in mathematical biology to study the impacts of relaxing specifications on single species population models and discrete stochastic
gene frequency models [20]. In this paper we introduce the idea of agentization to infectious disease models, with the goal of
better understanding the assumptions of an SEIR compartmental model and how the results of the agentized model are impacted as
different levels of complexity are added to the model. Agentization can be a tool that when applied to SEIR compartmental models
can help to understand the situations where they will produce the most robust results.
Additionally, agentization can help in building an agent-based model. As one obstacle in agent-based modelling is their validation.
If an agentization agent-based model produces results that a classic equation-based model produces, it can be assumed that the
agent-based model is producing valid results [21] and so provides a sound basis for the development of more comprehensive agentbased models. However, if an agent-based model is simply an agentized version of the equation-based model and does not produce
results that are different then the equation-based model, the use of an agent-based model and the additional time and resources
it takes to run might not be justified. Unlike compartmental SEIR models that always require the same amount of computational
time even as the population being modelled increases, the computation time for agent-based models scales linearly or supralinearly
depending on the model [22]. Thus, when creating an agent-based model for the spread of an infectious disease it is important to
compare the agent-based to the output of the equation-based model it was agentized against. The advantage of having an agentized
model is that once an agentized model has been shown to reproduce the results of the original equation-based model, then if the
assumptions of the equation-based model (i.e, a homogeneous population and homogeneous mixing) are relaxed within the agentized
model, as complexity is added to the model, the consequences of relaxing these assumptions can be studied within the agent-based
model [20]. In using an SEIR model to better understand infectious disease dynamics or to help respond to an outbreak it is important
to understand the impacts of these assumptions on the model output. The real world is a complex system but the question of whether
there is a level of complexity in modelling where the homogeneous population and mixing assumptions no longer apply remains.
Understanding when the results of an agentized model break away from the results of the antecedent equation-based model it was
designed to emulate can only provide a greater understanding of the system being modelled.
Our work is a first start at using agentization to better understand the assumptions of SEIR models and to help determine when
these assumptions break down. The work investigates at what level of added complexity do the results of an agentized agentbased model diverge from the antecedent equation-based model, in other words what level of complexity breaks the agentization
so the agent-based model and the equation-based model no longer produce the same results. A key component of the experimental
methodology set out in this paper is the definition of a hierarchy of complexity for agent-based models and a mapping from this
hierarchy to the extent to which the assumptions of homogeneous mixing and homogeneous populations are relaxed. Agent-based
models are very flexible and there is no set way to create an agent-based model for infectious disease spread. Consequently, the
complexity hierarchy we present here is informed by and tailored to the specifics of the agent-based model we use in our experiments.
Furthermore, there are several complexity transitions within our proposed hierarchy which could be swapped. Therefore, we do not
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claim that this hierarchy generalizes to all agent-based models, nor that it is the only possible one for the model we use in our
experiments. However, we believe that it does present a sensible order of progression, and propose it here to: (a) highlight that
there can be significant variance across agent-based models in terms of complexity, (b) that the distinction between SEIR models
and agent-based models in terms of the assumptions they make are not binary, but rather as complexity is added to agent-based
models these assumptions are relaxed within the agent-based model, and (c) it enables us to explore the point within the agentbased models complexity space where the equivalence between an SEIR and agent-based model (in terms of homogeneous mixing
and populations) begins to break.
Based on our hierarchy of complexity, we run an experiment that takes an agentized agent-based model and progressively adds
complexity in the six steps outlined in the hierarchy. The results at each step are compared to an SEIR model. In the next section we
describe the models being used, the SEIR equation-based model and then the agentized agent-based model and the final complex
agent-based model. Then we discuss the experiment and the steps taken to add complexity to the agentized model. Finally, we
compare the results of the SEIR model and the agent-based model at each step when complexity is added.
2. Model
In our experiment we compare a set of agent-based models and an equation-based model which are designed to simulate the
spread of measles through a small Irish town (Schull, Ireland). The town has a population of 987, and is spread over an area of
approximately 17 km2 . Although there is immunity to measles in the population, through both natural immunity and vaccination,
for simplicity and to better test the impact of adding complexity into the model, we consider a fully susceptible population. Although
this is unrealistic, we are not aiming to comment on the dynamics of measles but instead to look at the impact of the homogeneous
mixing and population assumptions on the model results, thus we do not need realistic immunity within the population. In the next
sections we describe the equation-based model and the baseline and final agent-based models.
2.1. Equation-based model
We use an SEIR compartmental model for the equation based model made up of Eq. (1) to 4, where 𝑆 is the number of
susceptibles, 𝐸 is the number of exposed, 𝐼 is the number of infectious and 𝑅 is the number of recovered. 𝑁 is the total population,
𝛽 is the rate of transmission per contact, 𝜎1 is the duration of the exposed period and 𝛾1 is the duration of the infectious period [23].
−𝛽𝑆𝐼
𝑑𝑆
=
𝑑𝑡
𝑁

(1)

𝛽𝑆𝐼
𝑑𝐸
=
− 𝜎𝐸
𝑑𝑡
𝑁

(2)

𝑑𝐼
= 𝜎𝐸 − 𝛾𝐼
𝑑𝑡

(3)

𝑑𝑅
= 𝛾𝐼
(4)
𝑑𝑡
As we are modelling the spread of measles, to determine the parameters we use measles dynamics, we take the duration of
the exposed period to be 10 days and the duration of the infectious period to be 8 days. We then determine 𝛽 using the formula
𝛽 = 𝑅0 𝛾 where 𝑅0 is the basic reproduction number [24]. Measles is one of the most infectious diseases in modern times with a
basic reproduction number1 (𝑅0 ) of 12 to 18, for this model we use an 𝑅0 of 12.
To better match with the agent-based models described in the next section which are run on time steps of two hours we adjust
the time scale of the equation-based model. Thus the 10 day exposed period becomes 120 model time steps and the 8 day infectious
1
1
period becomes 96. Using these values, 𝛾 is 96
and 𝜎 is 120
. The initial conditions of the model are that there are 967 susceptible,
10 exposed, 10 infected and 0 recovered individuals in the population. The equation-based model does not change as complexity is
added to the agent-based model so we only run one iteration of the model.
The equation-based model is solved using the R package deSolve [25]. The package solves initial value problems that are written
as ordinary differential equations using integration [26].
2.2. Agent-based model
The agent-based models are all created and implemented in the modelling environment Netlogo. The Netlogo world is a two
dimensional grid that is made up of a number of grid cells referred to as patches [27]. There are four main components of an agentbased model for the spread of infectious disease: society, transportation, disease, and environment [16], and these are considered
when creating the baseline model and as each level of complexity is added to the model. Agent-based models are stochastic and
each model run produces slightly different results. Thus we need to determine how many times the agent-based model should be
run to accurately capture the true distribution of the model. To determine the number of runs necessary we use the method outlined
in [21] and determine that 30 runs of the agent-based model is enough to provide us with confidence that the statistics calculated
1 The basic reproduction number is an estimate of the number of new cases a single infectious individual will infect if mixing with an entirely susceptible
population.
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across the 30 runs are representative of the distribution the model samples from2 . In the following sections we discuss the baseline
model and the final complex model. The steps to add complexity to the model to move between the baseline and final model are
discussed in Section 2.3.

2.2.1. Baseline agent-based model
Our baseline model is a basic agent-based model where the agents move randomly through a space and the agents have no
characteristics besides their disease status. The model runs on discrete time steps. We equate each time step to two hours in a day.
The society component of the model is the 987 agents who represent the people in the town of Schull. The transportation component
of the model is the random movements that the agents make to move through the model environment. The disease component of
the model is designed to mimic the spread of measles In the previous section 𝑅0 is defined using the formula 𝛽 = 𝑅0 𝛾. However, 𝑅0
can also be broken down into three components: the number of contacts per unit time (𝑐), the transmission probability per contact
(𝜏), and the duration of the infectiousness (𝑑). The relationship can be seen in the following equation 𝑅0 = 𝑐𝜏𝑑 [24].
We set the disease component of the model to have an 𝑅0 of 12. This is the same 𝑅0 used in [18]. The duration of infectiousness
for measles is 8 days or 96 time steps. Using an 𝑅0 of 12 and a duration of infectiousness of 96, from the equation 𝑅0 = 𝑐𝜏𝑑 we
determined that the value for contacts per unit time multiplied by the transmission probability per contact should be 0.125.3 Based
off of our transportation and environment component a transmission probability per contact of 0.028 is chosen for the model. This
means that at every contact an infectious agent makes with a susceptible agent they have a 2.8% chance of passing on the virus. If
the agent is infected they will first be exposed but not infectious, then after a set period of time they will become infectious, and
after a set period of time will recover and no longer be infectious.
The environment component is the Netlogo environment the agents move through as the model runs. The amount of space they
move through impacts the rate at which the agents come into contact with each other. The more space in the environment for the
agents to move, the less likely they are to come into contact with each other. The size of the environment in the baseline model
was chosen so that the contacts per time step generated by the model combined with the parameter for the probability of infection
result in an 𝑅0 of 12.
We start the model with 10 agents exposed and 10 agents infected and the model runs until there are no longer any exposed
or infected agents. This baseline version of the agent-based model is an agentized version of the SEIR model that was discussed in
Section 2.1. The agent-based model keeps the SEIR assumptions of a closed population, homogeneous agents, and homogeneous
mixing.

2.2.2. Final agent-based model
In our experiment to look at the impact of adding complexity in an agent-based model and in the more complex versions of
the agent-based model we will break the assumptions of homogeneous mixing and homogeneous population but not of a closed
population. We add complexity to the model in six steps to end with a detailed agent-based model that simulates the spread of a
measles through a town. The resulting model is the model in [18]. The model runs on time steps that are equated to two hours,
thus twelve time steps equate to one day. The complex model includes differences in agent behaviour between night time steps and
day time steps as well as weekend and weekday time steps. The society component of this model is made up of 987 agents who are
given characteristics based on Irish census data [28] to match the town of Schull along a number of demographic characteristics.
The model has the same proportion of agents in the town by age, sex, and economic status (student, working, retired, unemployed
etc.) as well as the correct proportion of households by type (single, couple, couple with children etc.), and by number and ages of
children (under 15, 15 and over and both under and over 15). For a detailed description of how the society is created see [29]. The
transportation component of the model involves agents taking steps through the environment going from their current location to
their desired destination. On weekday time steps agents who are working or attending school will leave their homes at a set time
step and move to their work or school location, at a given time step the agents will then return home. Agents who are not working,
and students and working agents on the weekends and in the evenings will move to random community locations throughout the
town. All agents will return home at a given point in the evening to sleep. Agents come into contact with other agents who are on
the same Netlogo patch at the same time as them. The disease component is similar to the disease component in the baseline model
but as contacts per time step are different in the complex model due to agents behaviour patterns and a different environment the
probability of infection per contact is reduced to 0.008 so as to maintain an 𝑅0 of 12. The environment of the model is set to mimic
the town of Schull Ireland. Data from the Irish Central Statistics Office [28] is used to create the basic geographic layout of the
town. Primary and secondary schools are added into the model using data from Ireland’s Department of Education and Skills [30]
and zoning data [31,32] is used to place households and work places in appropriate locations within the town and to determine
community locations. A more detailed description of the environment can be found in [18].

2 Although 30 runs are what we determined was necessary for this model, this will not necessarily hold for other agent-based models and the appropriate
number of runs will need to be determined to account for variability in their results.
3 At each level of complexity that is added to the model we recalculate the value for the transmission probability to reflect the differences in contact rates
from the added complexity.
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Fig. 1. The complexity hierarchy for the agent-based model used in the experiments in this paper. The hierarchy starts at the baseline agentized model and
at each level a layer of complexity is added that relaxes one of the two main SEIR assumptions, homogeneous mixing or homogeneous population. The figure
describes the complexity that is added at each level and the assumption that is relaxed.

2.3. Agent-based model complexity hierarchy
When moving from the baseline agentized model to the final complex model, a number of different layers of complexity have
been added. To better understand these layers of complexity and the impact they have on the resulting agent-based model, the layers
can be broken down into a complexity hierarchy. Within our agent-based model complexity hierarchy, complexity is increased by
adding more structure to model. The relationship between complexity and structure emerges from the fact that as more structure is
added the agents become more distinct from each other and this increases the complexity of the agent population and mixing. Fig. 1
provides an overview of the hierarchy, describing the structure added at each level in the hierarchy and the particular assumption
that is relaxed by adding this structure. Beginning with the baseline agent-based model where agents move randomly and constantly
through the space and have no characteristics we progressively add structure to the agent’s schedule of moves, social networks, and
the environment, and finally introduce different agent types into the population to reach the final agent-based model discussed in
Section 2.2.2. While complexity increases with each step, the increase in complexity to the model for each level of the hierarchy
will not be linear. For example, adding in day and scheduling for the agents might only slightly increase complexity whereas adding
agent types might result in a much larger increase in complexity.
3. Experiment
The aim of our experiment is to understand at what level of the complexity hierarchy described in the previous section do the
results in the output of the agent-based model significantly diverge from the output of the SEIR model. To do this we first compare
our baseline agent-based model described in Section 2.2.1 with the SEIR model described in Section 2.1. We then add complexity
to the agent-based model in six steps, each step corresponding to a level of the hierarchy in Fig. 1. Additionally, these steps can be
thought of as adding complexity along the different components of the agent-based model, the proposed hierarchy adds complexity
along the society, environment, and transportation components, we do not add any additional complexity to the disease component
of the model. At each step we compare the agent-based model results with the SEIR model results. The steps to add complexity are:
1.
2.
3.
4.
5.
6.

Transportation Component: add in day and night scheduling
Society Component: add in agent household networks
Environment Component: add in town geography
Transportation Component: add in scheduled movements during the day
Environment Component: add in town zoning for community, school, work and home locations
Society Component: add in agent types based on age and economic status (resulting in the Final Agent-based model described
in Section 2.2.2)

For the comparisons we first look at the infection curves for the SEIR model compared to the 30 infection curves produced from
the different runs of each step of the agent-based model. This gives an idea of how close the outputs from the two models are.
However, we aim to determine a more technical comparison between the two models that takes into account differences between
5
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Fig. 2. Plot showing the Susceptible, Exposed, Infected and Recovered Curves for the 30 runs of the baseline agent-based model and the SEIR model.

the deterministic SEIR model output and the stochastic agent-based model output. To compare the results we take the average across
30 runs of the number infected at each time step of the agent-based model to find an average infected curve for the agent-based
model. We then find the confidence intervals around this average. We will say that the SEIR model results do not differ from the
agent-based model if they are within the confidence interval produced from the agent-based model results. We also calculate the
percent of time steps where the SEIR model is within the confidence interval.
4. Results
In the following sections we provide a brief description of how complexity is added to the agent-based model at that step and
give the results for the comparison between the agent-based model and the SEIR model at each step of added complexity.
4.1. Baseline
The initial comparison is between the baseline agentized agent-based model discussed in detail in Section 2.2.1 and the SEIR
model. Fig. 2 shows the model output for the SEIR model and the 30 runs of the agent-based model. From the figure it appears as
if the SEIR model fits within the range of the runs of the agent-based model
Fig. 3 shows the confidence intervals for the number of infected agents across the 30 runs of the agent-based model and the SEIR
infected curve. Although there are some time points where the SEIR model is just outside of the confidence interval we see that for
the majority of the time period (51.7% of the time) the SEIR lies within or on the confidence interval suggesting the agent-based
model is an agentized version of the SEIR model.
4.2. Step 1: Day and night scheduling
The first step of adding in complexity to the model is within the transportation component where we add in day and night
scheduling into the model. This version of the model is the same as the baseline model except that instead of the constant random
movement through the environment that occurs in the baseline model, agents only move around the environment between the 4th
and 10th time step of the day (where 12 time steps make up one day). Outside of the 4th and 10th time step agents will be on
their randomly assigned home patch. This home patch is assigned to the agents at the start of the model run. This is done to mimic
people moving around during the day time and going home to sleep at night. This breaks the homogeneous mixing assumption as
the agents are going to be more likely to mix with other agents who have homes in the same location.
Fig. 4 shows the model output for the 30 runs of the agent-based model and the SEIR model. From the figure we can see that
there starts to be some more variation in model output with what appears to be a wider range of curves seen in the agent-based
model output compared to the baseline. However, the SEIR curves still appear to fall within the range of the agent-based model
curves.
The confidence intervals for the number of infected at each step across the 30 runs of the agent-based model can be found in
Fig. 5. Even though we saw some more variation in the output in Fig. 4 we see the SEIR model within the confidence intervals from
the agent-based model. The SEIR curve falls within the confidence interval 98.8% of the time. The larger variation in output leads
to a larger confidence interval so the SEIR output appears to be within the confidence interval of this model more consistently than
it was in the confidence interval of the baseline model.
6
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Fig. 3. Plot showing the number of infected in the SEIR model by time step (red) and the upper and lower bounds of the confidence interval from the baseline
agent-based model output (black). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

Fig. 4. Plot showing the Susceptible, Exposed, Infected and Recovered Curves for the 30 runs of the step 1 agent-based model and the SEIR model.

Fig. 5. Plot showing the number of infected in the SEIR model by time step (red) and the upper and lower bounds of the confidence interval from the step 1
agent-based model output (black). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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Fig. 6. Plot showing the Susceptible, Exposed, Infected and Recovered Curves for the 30 runs of the step 2 agent-based model and the SEIR model.

Fig. 7. Plot showing the number of infected in the SEIR model by time step (red) and the upper and lower bounds of the confidence interval from the step 2
agent-based model output (black). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

4.3. Step 2: Agent household networks

The second step in adding complexity to the model adds complexity within the society component. The model is the same as that
from step 1, except agent household networks are added into the model. Agents are added to households so that household sizes
match the distribution of household sizes in Schull, Ireland. This breaks the homogeneous mixing assumption even further as the
agents are going to be much more likely to mix with other agents in their household and breaks the homogeneous agent assumption
as agent characteristics are no longer homogeneous because the size of an agent’s household network can vary.
The SEIR curves and the curves for the output of the 30 runs of the agent-based model are in Fig. 6. The additional complexity
in this version of the agent-based model appears to lead to even more variation in model output. Additionally, in the agent-based
model output, the peaks of exposed and infected have started to shift to the left of the SEIR model.
Fig. 7 shows the upper and lower bounds of the confidence intervals for the number of infected agents at each time step across
the 30 runs of the agent-based model and the SEIR curve for the number of infected at a given time. At almost all time points the
SEIR curve is outside of the confidence intervals, with the SEIR curve only inside the confidence intervals 9.5% of the time. The
SEIR output appears shifted to the left suggesting that the household networks result in an outbreak that takes off a little slower
but reaches a peak as high or slightly higher than the SEIR model.
The differences in the infection curves in Fig. 6 and the SEIR infected curve appearing outside of the agent-based model
confidence interval suggests that the addition of household networks may have broken the homogeneous assumptions of the SEIR
model enough to produce different results.
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Fig. 8. Plot showing the Susceptible, Exposed, Infected and Recovered Curves for the 30 runs of the step 3 agent-based model and the SEIR model.

Fig. 9. Plot showing the number of infected in the SEIR model by time step (red) and the upper and lower bounds of the confidence interval from the step 3
agent-based model output (black). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

4.4. Step 3: Town geography
The third step in adding complexity adds complexity within the environmental component of the model through including town
geography. Building off of the model in step 2, agents can no longer move anywhere in the environment but instead their movements
are restricted by a set of town boundaries. Fig. 8 shows the agent-based model output and the SEIR model output. Interestingly, it
appears as if the agent-based model output has shifted back to the SEIR model output.
We also see in Figs. 9 that the SEIR output for infected cases per time step falls within the confidence intervals produced from
the agent-based model results 100% of the time.
The agent-based model in step 3 where we add town geography is producing results similar to the SEIR model. The previous
step, adding in household networks appeared to have moved away from the SEIR output, but restricting agents movements to within
the town likely corresponds to a change in contact patterns that more closely resemble those assumed in the SEIR model.
4.5. Step 4: Scheduled movements during the day
The fourth step of adding complexity to the model is adding scheduled movements during the day. This adds complexity to the
transportation component. In this step, on weekdays agents will move between their home location and a work location at time
step 4 and then between their work location and their home location at time step 10, and on weekends agents will move randomly
through the community between time steps 4 and 10. The addition of scheduled movements during the day breaks the homogeneous
mixing assumption even more. Fig. 10 shows the infection curves for the SEIR model and 30 runs of the agent-based model. Step
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Fig. 10. Plot showing the Susceptible, Exposed, Infected and Recovered Curves for the 30 runs of the step 4 agent-based model and the SEIR model.

Fig. 11. Plot showing the number of infected in the SEIR model by time step (red) and the upper and lower bounds of the confidence interval from the step 4
agent-based model output (black). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

4 appears to have moved the results of the agent-based model away from the SEIR model to the point that the outputs no longer
appear to be from the same model.
Fig. 11 shows the counts of infected from the SEIR model and the confidence intervals for the infected from the agent-based
model. As expected from the large differences in the output seen in Fig. 10, the SEIR curves are nearly completely outside the
confidence interval of the agent-based model, only falling within the confidence interval 5.5% of the time. The number of infected
in the agent-based model has a lower peak than the SEIR model and a slower start to the outbreak. The difference is possibly
attributable to the fact that the agents are mixing within networks so it takes longer for the virus to spread between networks and,
therefore, the outbreak does not spread as quickly.
4.6. Step 5: Town zoning and Step 6: Agent types
In the previous section we have seen that adding scheduled movements to an agent-based model results in output that differs
greatly from the SEIR model, at this point it is no longer possible to say that the agent-based model is an agentized version of the SEIR
model. Although we have found the point at which the added complexity moves the agent-based model away from the SEIR model,
we still run the agent-based model for step 5, adding town zoning, and step 6, adding agent types. Adding town zoning in step 5,
breaks the homogeneous mixing assumption as agents live in areas zoned residential, work in commercial and industrial zones and
spend time in community zones. Adding agent types in step 6 breaks the homogeneous agent assumption and the resulting model
is the final agent-based model discussed in Section 2.2.2 and the model in [18]. Agents can be workers, students, or non-workers,
for example those who are retired or unemployed, and the type of agent impacts the agents scheduled movements. Non-workers
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Fig. 12. Plot showing the Susceptible, Exposed, Infected and Recovered Curves for the 30 runs of the step 5 agent-based model and the SEIR model.

Fig. 13. Plot showing the Susceptible, Exposed, Infected and Recovered Curves for the 30 runs of the step 6 agent-based model and the SEIR model.

move throughout the community any day of the week, while workers and students go from home to work or school on weekdays
and move through the community on weekends.
Fig. 12 shows the curves from the SEIR model compared to the curves from the 30 runs of the agent-based model on step 5
when zoning is added to the model. The results are similar to those in the previous section where we see the peak of the outbreaks
from the agent-based model farther to the right and lower than the SEIR model. We do not look at the confidence interval for step
5 as we know from the previous step that we have already broken the agentization and no longer have results similar to the SEIR
model.
Fig. 13 shows the curves from the SEIR model compared to the curves from the 30 runs of the agent-based model on step 6
when agent types are included. This change pushes the peaks of the outbreak down lower and out farther than the previous step
and leads to fewer immune agents by the end of the model run. This is the first step of added complexity where we do not see all
agents infected or almost all agents infected at the end of the model run. Again we do not look at the confidence intervals for step
6 as we have already broken the agentization of the model.
5. Conclusion
Using agentization to compare the results of a similarly parameterized equation-based SEIR model and an agent-based model
can aid in the understanding of the system being modelled. A simple agent-based model that follows the same assumptions as the
equation-based model, in our case homogeneous mixing and homogeneous characteristics, should produce results that equate to
the results of the equation-based model. However, when we start to break those assumptions of the equation-based model and add
more realistic components to the agent-based model we expect to see a difference in results. The assumptions are broken down in
the agent-based model through adding different layers of complexity.
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The idea of agentization and adding complexity to an agentized model in layers brings about the idea of a complexity hierarchy.
Each additional layer of complexity added to the agentized model is a different level of complexity in the hierarchy, with the
simplest least complex layer the first in the hierarchy. The complexity hierarchy serves two purposes: (a) in model creation to
help determine when a specific agent-based model has moved away from the agentized form of the SEIR model and thus when it is
justifiable to use an agent-based model over an equation-based model, and (b) to help classify the levels of complexity of an existing
agent-based model to aid in comparison between models and to help the model user better understand what the model they are
using is simulating. Understanding a model’s complexity hierarchy can help in choosing the correct model to run or in determining
why two models produce different results.
In our work we showed that when adding complexity along the hierarchy, in progressive steps along three different model
components, there are a number of levels of complexity that can be added to the model before the agentization breaks and the
agent-based model is no longer an agentized version of the SEIR model based on the differences in the model results. Interestingly
our results found that adding networks (household or work) appear to break the agent-based model from the SEIR model more than
changing geography or the environment. While adding household networks shifts the agent-based model results away from the SEIR
model results, when the town geography is included in the environment of the model the results appear to be back to an agentized
version of the SEIR model. This result suggests that at lower levels of complexity there might be a number of different variations
of the agent-based model that would still be considered agentized.
Our results also suggest that adding in scheduled movements during the day where agents mix with specific networks may be a
critical transition phase in the complexity of an agent-based model that greatly impacts the model results and reduces the size of
the outbreak peak, and adding in agent types further reduces the peak of the outbreak. SEIR assumptions appear to start breaking
down when more realistic movement patterns and agent characteristics are included in the model. The society and transportation
components appear to have a greater impact on the outbreak than the environment component.
We added complexity along three different components of the model in set steps. The results we obtained might be different if
the order of our steps in adding complexity changed, had we added zoning before scheduled movements it may have taken longer
for the agentization of the model to break or the addition of the zoning may have still broken the agentization at step 4. Thus more
work could be done to look at the ordering of the steps to determine if the agentization will always break when enough levels of
complexity have been added to the model, i.e. step 4 of the experiment regardless of which of the last three steps are added at
step 4, or if there is a specific addition to the model that results in the breaking of the agentization, i.e. adding scheduled agent
movement would be the step to break agentization if it was step 4, step 1 or step 6.
Additionally, although it seems that adding complexity in the environment component has the least impact on the model results,
it is possible that there are other methods of adding complexity to the environment that were not done here. Our steps to add
complexity were done to move the simple baseline model to the complex model in [18]. However, it might be possible to include
other levels of environmental complexity such a more refined analysis of neighbourhood structure where more densely populated
living conditions might have a greater impact on the spread of an infectious disease. Further work might be done to consider other
levels of complexity that could be added to the model and how those levels impact the output compared to an SEIR model.
Understanding when the agent-based model is no longer simply an agentized version of the SEIR model is important in
understanding how the two models can be used. While an SEIR model is known to be able to predict population level dynamics
and have been used extensively in infectious disease modelling, the homogeneous agent and homogeneous mixing assumptions
might lead to incorrect predictions especially if interactions within contact networks play a large part in the spread of the disease.
However, the consideration of model run time needs to be considered. Compared to an agent-based model, an SEIR model is quick
to develop and even quicker to run. These models can also be calibrated to real data more easily than agent-based model and this
calibration can help to capture some of the differences between the model results. Thus in choosing a model both the impact of
assumptions and the time taken to run a model should be considered. Even better would be to have multiple model types run at
the same time to get a larger picture of a model outbreak where an SEIR model could provide overall population dynamics and the
agent-based model could show the impacts of individual movement and contact patterns.
Agentization is an idea that can be used to further the understanding of compartmental SEIR models and agent-based models.
Here we look at adding complexity to a model for a small town. However, future agentization work could focus on breaking the
SEIR assumptions in other ways. For example, the focus could be on the closed population with agents moving in and out of the
area and understanding what level of movement in and out of a region breaks the homogeneous assumptions. Additionally, work
could be done on contact patterns and looking at when adding in more realistic agent contacts leads to the breakdown of SEIR
assumptions. The more information that is known about the models used to simulate and predict the spread of an infectious disease,
the better informed we are as to how best to use these models.
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